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of the image for classi?cation. 

20 Claims, 5 Drawing Sheets 

Step 3: 

Step 2: 

Step 1: 

Approximated LLC Coding process 300 

c; is an Mx1 vector with K non-zero elements 
whose values are the corresponding 0* of step 2 

input: Xi ~15) —> 

Reconstruct x,-using B, 

0* = argmin H x,- ciTB; ]|2 
C 

st. 

Find K—Nearest Neighbors of x,-, denoted as B, 

code: 0, 

K 

2.61:1 
I 



US. Patent Jul. 31, 2012 Sheet 1 015 US 8,233,711 B2 

a a 

M u 

:1 m. M 

1n. ,1 M, 1% . 

,w a 2| 1b,. u m m a ,1 B r, " 

§ 1 d ,8 5 Ti 5 .1 Q 

g , 

m w m, ,_§ 1, rm ,. 

, .U , 5 X z m , , 

Q K m x, m K13 .% ,m _. 
, , Ln 5 | 1m m , ,L 0 h , 

“W m 1% m mu. 5 ,, @ F! n 

D. ,M a m H 

C 1M FM 2 U 1H . 

E w s ,1. w % c m n 

M1 m N 

In , II In a 

a... D , 

P 3 § 2 Md f M 1m JUL“ m1 IE FF 5 n 

S. C W S S. a . 

a 

Feature v&ct0r[ ~ 

F IG. 1 



US. Patent Jul. 31, 2012 Sheet 2 of5 US 8,233,711 B2 

Feature vector [ 

Concaten ng 

Approximate 
LLC Coding 
process 300 

FIG. 2 



US. Patent Jul. 31, 2012 Sheet 3 of5 US 8,233,711 B2 

LLC Coding process 100 

codebook: B:{bj} j=1,...,M 

Reconstruct x,-using B, 

c* = argmin H Xi— ciTB I12 +||di.ci||2 
C 

M 

St. ZICj=1 
1 

F163 



US. Patent Jul. 31, 2012 Sheet 4 of5 US 8,233,711 B2 

Binit 
210 

Input single xi ‘ 
220 

i 
230 

Obtain it's code 0‘ 

l 
240 

Training samples X=[X1,X2,-~XN], ‘ Re?t without the locality constraint to 
Start from i=1 7 obtyain c’i 

280 

250 
Use c’i to update the active basis 

vectors in B 

/’ f Yes 

FIG. 4 



. Patent Jul. 31, 2012 Sheet 5 of5 US 8,233,711 B2 

Approximated LLC Coding process 300 

Step 3: 
c,- is an Mx1 vector with K non-zero elements 
whose values are the corresponding 0* of step 2 

code: c, inpui: x,- o _> 
i 

iiiiiii 

Step 2: 
Reconstruct x,-using B, 

c* = argmin Ii xi- ciTBi H2 
C 

K 

St. ZCj=1 
J 

Step 1: 
Find K-Nearest Neighbors of x,-, denoted as B, 

FIG. 5 



US 8,233,711 B2 
1 

LOCALITY-CONSTRAINED LINEAR 
CODING SYSTEMS AND METHODS FOR 

IMAGE CLASSIFICATION 

This application claims priority to US. Provisional Appli 
cation Ser. No. 61/262,269 ?led Nov. 18, 2009, the content of 
Which is incorporated by reference. 

BACKGROUND 

The present application relates to image classi?cation. 
Recent state-of-the-art image classi?cation systems con 

sist of tWo major parts: bag-of-features (BoF) and spatial 
pyramid matching (SPM). The BoF method represents an 
image as a histogram of its local features. It is especially 
robust against spatial translations of features, and demon 
strates decent performance in Whole-image categorization 
tasks. HoWever, the BoF method disregards the information 
about the spatial layout of features, hence it is incapable of 
capturing shapes or locating an object. Of the many exten 
sions of the BoF method, including the generative part mod 
els, geometric correspondence search and discriminative 
codebook learning, the most successful results Were reported 
by using SPM. The SPM method partitions the image into 
increasingly ?ner spatial sub-regions and computes histo 
grams of local features from each sub-region. Typically, sub 
regions, are used. Other partitions such as has also been 
attempted to incorporate domain knowledge for images With 
“sky” on top and/ or “ground” on bottom. The resulting “spa 
tial pyramid” is a computationally ef?cient extension of the 
orderless BoF representation, and has shoWn very promising 
performance on many image classi?cation tasks. 
A typical ?owchart of the SPM approach based on BoF is 

illustrated on the left of FIG. 1. First, feature points are 
detected or densely located on the input image, and descrip 
tors such as “SIFT” or “color moment” are extracted from 
each feature point (highlighted in blue circle in FIG. 1). This 
obtains the “Descriptor” layer. Then, a codebook With entries 
is applied to quantize each descriptor and generate the 
“Code” layer, Where each descriptor is converted into an code 
(highlighted in green circle). If hard vector quantization (VQ) 
is used, each code has only one non-zero element, While for 
soft-VQ, a small group of elements can be non-zero. Next in 
the “SPM” layer, multiple codes from inside each sub-region 
are pooled together by averaging and normalizing into a his 
togram. Finally, the histograms from all sub-regions are con 
catenated together to generate the ?nal representation of the 
image for classi?cation. 

Although the traditional SPM approach Works Well for 
image classi?cation, people empirically found that, to 
achieve good performance, traditional SPM has to use clas 
si?ers With nonlinear Mercer kernels, e.g., Chi-square kernel. 
Accordingly, the nonlinear classi?er has to afford additional 
computational complexity, implying a poor scalability of the 
SPM approach for real applications. 

To improve the scalability, researchers aim at obtaining 
nonlinear feature representations that Work better With linear 
classi?ers. In a method called the ScSPM method, sparse 
coding (SC) is used instead of VQ to obtain nonlinear codes. 
In ScSPM, the restrictive cardinality constraint of VQ is 
relaxed, and a small number of basis from the codebook can 
be selected to jointly reconstruct the input descriptor. The 
?nal representation achieved superior image classi?cation 
performance using only linear SVM classi?ers. Although the 
ScSPM method saves the computation of calculating Chi 
square kernel in non-linear classi?er, it, hoWever, migrates 
the cost from classi?er to feature extractor, because the SC 
process is very computational demanding. This is due to the 
fact that the objective function in SC is not differentiable at 0. 
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2 
Most existing SC solvers, such as Matching Pursuit (MP) or 
Orthogonal MP, CoordinateDescent, LARS, among others, 
operate iteratively. 

SUMMARY 

In one aspect, systems and methods are disclosed for clas 
sifying an input image by detecting one or more feature points 
on the input image; extracting one or more descriptors from 
each feature point; applying a codebook to quantize each 
descriptor and generate code from each descriptor; applying 
spatial pyramid matching to generate histograms; and con 
catenating histograms from all sub -regions to generate a ?nal 
representation of the image for classi?cation. 

Implementations of the system may include one or more of 
the folloWing. The ?nal representation of the image for clas 
si?cation can be a feature vector. The descriptor canbe a SIFT 
descriptor or a color moment descriptor. Each code has only 
one non-zero element if hard vector quantization (V Q) is 
used. A small group of elements can be non-zero for soft VQ. 
Multiple codes from inside each sub-region can be pooled 
together by averaging and normalizing into a histogram. A 
fast approximated LLC can be applied ?rst performing a 
K-nearest-neighbor search and then solving a constrained 
least square ?tting problem. The LLC utilizes locality con 
straints to project each descriptor into a local-coordinate sys 
tem, and the projected coordinates are integrated by max 
pooling to generate a ?nal representation. The system can 
reconstruct input xi With codebook Bl 

The method includes ?nding K-Nearest Neighbors of xi, 
denoted as B; reconstructing xi using Bl- as c*:argmin||xi— 
ciTBiHZ; and generating cl. as an M><1 vector With K non-zero 
elements Whose values are the corresponding c*. 

Advantages of the preferred embodiments may include one 
or more of the folloWing. The LLC is a fast implementation 
that utilizes the locality constraint to project each descriptor 
into its local-coordinate system. The LLC coding scheme 
replaces the VQ coding in traditional SPM and utilizes the 
locality constraints to project each descriptor into its local 
coordinate system, and the projected coordinates are inte 
grated by max pooling to generate the ?nal representation. 
With linear classi?er, the proposed approach performs 
remarkably better than the traditional nonlinear SPM, achiev 
ing state-of-the-art performance on several benchmarks. 

Experimental results shoW that, the ?nal representation 
generated by using LLC code can achieve an impressive 
image classi?cation accuracy even With a linear SVM classi 
?er. In addition, the optimization problem used by LLC has an 
analytical solution, Where the computational complexity is 
loW for each descriptor. 

In another embodiment, an approximated LLC method 
performs a K-nearest-neighbor (K-NN) search and then 
solves a constrained least square ?tting problem. In tests 
using a codebook With 2048 entries, a 300x300 image 
requires only 0.24 second on average for processing (includ 
ing dense local descriptors extraction, LLC coding and SPM 
pooling to get the ?nal representation). This ef?ciency sig 
ni?cantly adds to the practical values of LLC for many real 
applications. 

With linear classi?er, the system performs remarkably bet 
ter than the traditional nonlinear SPM, achieving state-of-the 
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art performance on several benchmarks. Compared With the 
sparse coding strategy, the objective function used by LLC 
has an analytical solution. A fast approximated LLC method 
by ?rst performing a K-nearest-neighbor search and then 
solving a constrained least square ?tting problem, bearing 
loW computational complexity. Hence even With very large 
codebooks, the system can still process multiple frames per 
second. This ef?ciency signi?cantly adds to the practical 
values of LLC for real applications. 

BRIEF DESCRIPTION OF THE DRAWINGS 

FIG. 1 shoWs a ?rst exemplary LLC coding system. 
FIG. 2 shoWs a second exemplary LLC coding system. 
FIG. 3 shoWs in more detail the LLC coding process. 
FIG. 4 shoWs in more details an exemplary code book 

training process. 
FIG. 5 shoWs an approximated LLC coding process. 

DESCRIPTION 

FIG. 1 shoWs a ?rst exemplary Locality Constrained Local 
Coordinate Coding (LCC) coding system. In LCC, the coding 
is encouraged to be local, and under certain assumptions 
locality is more essential than sparsity, for successful nonlin 
ear function learning using the obtained codes. The system 
receives an image 10 and feature extraction is performed. One 
or more descriptors in layer 10 are generated, and coding of 
the descriptors are done to derive a code layer 30. The codes 
are pooled and spatial pyramid matching (SPM) layer 40 can 
be applied. After suitable concatenation, a feature vector 50 
can be generated. 

In the embodiment of FIG. 1, feature points are detected or 
densely located on the input image 10, and descriptors such as 
“SIFT” or “color moment” are extracted from each feature 
point. This obtains the “Descriptor” layer 20. Then, a code 
book With entries is applied to quantize each descriptor and 
generate the “Code” layer 30, Where each descriptor is con 
verted into code. If hard vector quantization (V Q) is used, 
each code has only one non-zero element, While for soft-VQ, 
a small group of elements canbe non-zero. Next in the “SPM” 
layer 40, multiple codes from inside each sub-region are 
pooled together by averaging and normalizing into a histo 
gram. Finally, the histograms from all sub-regions are con 
catenated together to generate the ?nal representation of the 
image for classi?cation as the feature vector 50. 

In the coding operation of FIG. 1, the process determines 
the K-nearest neighbors of x in step 1. Next, it reconstructs X 
using B in step 2, as described in more details beloW. In step 
3, the process determines c, Which is an M><1 vector Whose 
values are the corresponding c of step 2. In one embodiment 
of the locality-constrained Linear Coding (LLC) instead of 
VQ in the original BoF approach. As illustrated in the “LLC 
coding process” block in FIG. 1, the LLC code for each 
descriptor is calculated by: 

Where dieRM is the locality adaptor that gives different free 
dom for each basis vector proportional to its similarity to the 
input descriptor xi. Speci?cally, 

20 

25 

30 

35 

40 

45 

55 

60 

65 

4 
Where dist(xl-,B):[dist(xi,bl), . . . , dist(xl-,bM)], and dist(xl-,bj) 
is the Euclidean distance betWeen xi and bj. Typically the 
system subtracts max(dist(xl-,B)) from dist(xl-,B) such that d, 
ranges betWeen [0,1). 

FIG. 2 shoWs a second exemplary LLC coding system. 
Similar to the system of FIG. 1, the system of FIG. 2 receives 
an image 10 and feature extraction is performed. One or more 
descriptors in layer 10 are generated, and coding of the 
descriptors are done to derive a code layer 30.An LLC coding 
process 100 is applied, and a codebook training process 200 
can be run. LLC utilizes the locality constraint to project each 
descriptor into its local-coordinate system. The LLC criteria 
enables LLC to take both the advantages of using relaxed 
cardinality constraint from VQ and jointly reconstructing the 
local descriptor like in ScSPM. Experimental results shoW 
that, the ?nal representation generated by using LLC code can 
achieve very impressive image classi?cation accuracy even 
With linear SVM classi?er. 

Alternatively, an approximated LLC coding process 300 
can be done. The approximated LLC method performs a 
K-nearest-neighbor (K-NN) search and then solves a con 
strained least square ?tting problem. As observed from 
experiments, using a codebook With 2048 entries, extracting 
dense local descriptors, converting to LLC codes and ?nally 
SPM pooling to get the ?nal representation from 300x300 
image input requires only 0.24 second in average. This sig 
ni?cantly adds to the practical values of LLC for many appli 
cations. 
The codes are pooled and spatial pyramid matching (SPM) 

layer 40 can be applied. After suitable concatenation, a fea 
ture vector 50 can be generated. 

FIG. 3 shoWs in more detail the LLC coding process 100. In 
the process, from input xi and a codebook B, the process 

reconstruct x; using B; 

FIG. 4 shoWs in more details an exemplary code book 
training process. The process is an incremental method to 
build the code book for LLC. As illustrated in FIG. 4, in 210, 
a codebook trained by K-Mean clustering is used to initialize 
B. The process gets X training samples and start With the ?rst 
one in 280. The process loops through all the training descrip 
tors to update B incrementally. In each iteration, the process 
takes in single examples xi in 220 and obtains the correspond 
ing LLC codes using current B in 230. Then, the process 
keeps the set of basis Bl- Whose corresponding Weights are 
larger than a prede?ned constant, and re?ts xi Without the 
locality constraint in 240. The obtained code is then used to 
update the basis in a gradient descent fashion in 270. The 
process can project those basis outside the unit circle onto the 
unit circle. 

FIG. 5 shoWs an approximated LLC coding process. In one 
embodiment, the approximated LLC method performs a 
K-nearest-neighbor (K-NN) search and then solves a con 
strained least square ?tting problem. In tests using a code 
book With 2048 entries, a 300x300 image requires only 0.24 
second on average for processing (including dense local 
descriptors extraction, LLC coding and SPM pooling to get 
the ?nal representation). This ef?ciency signi?cantly adds to 
the practical values of LLC for many real applications. 
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With linear classi?er, the system performs remarkably bet 
ter than the traditional nonlinear SPM, achieving state-of-the 
art performance on several benchmarks. Compared With the 
sparse coding strategy, the objective function used by LLC 
has an analytical solution. A fast approximated LLC method 
by ?rst performing a K-nearest-neighbor search and then 
solving a constrained least square ?tting problem, bearing 
loW computational complexity. Hence even With very large 
codebooks, the system can still process multiple frames per 
second. This ef?ciency signi?cantly adds to the practical 
values of LLC for real applications. 

Next, more details on locality-constrained linear coding 
are discussed. In the folloWing, X is a set of D-dimensional 
local descriptors extracted from an image, X:[xl, x2, . . . , 

xN]eRD"N. Given a codebook With M entries, B:[bl, b2, . . . , 
b M] 6RD XM, different coding schemes convert each descriptor 
into a M-dimensional code to generate the ?nal image repre 
sentation. 

Traditional SPM uses VQ coding Which solves the folloW 
ing constrained least square ?tting problem: 

s.t. Pct-PW =1, Pct-Pfl :1, c; :0, Vi 

Where C:[cl, c2, . . . , cN] is the set of codes for X. The 

cardinality constraint PcZ-PZOII means that there Will be only 
one non-zero element in each code ci, corresponding to the 
quantization id of xi. The non-negative, ll constraint PciPZIII, 
c150 means that the coding Weight for x is 1. In practice, the 
single non-zero element is found by searching the nearest 
neighbor. 

To ameliorate the quantization loss of VQ, the restrictive 
cardinality constraint PcZ-PZOII in Eq. (1) can be relaxed by 
using a sparsity regularization term. In ScSPM [22], such a 
sparsity regularization term is selected to be the l1 norm of ci, 
and coding each local descriptor xi thus becomes a standard 
sparse coding (SC) problem: 

1v (2) 

argmcinz Px; — Bot-P2 + lPct-Pfl 
[:1 

The sparsity regularization term plays several important 
roles: First, the codebook B is usually over-complete, M>D, 
and hence I1 regularization is necessary to ensure that the 
under-determined system has a unique solution; Second, the 
sparsity prior alloWs the learned representation to capture 
salient patterns of local descriptors; Third, the sparse coding 
can achieve much less quantization error than VQ. Accord 
ingly, even With linear SVM classi?er, ScSPM can outper 
form the nonlinear SPM approach by a large margin on 
benchmarks like Caltech-lOl. 

In Locality-constrained Linear Coding (LLC), as sug 
gested by LCC, locality is more essential than sparsity, as 
locality must lead to sparsity but not necessary vice versa. 
LLC incorporates locality constraint instead of the sparsity 
constraint in Eq. (2), Which leads to several favorable prop 
er‘ties as explained in Subsection 2.4. Speci?cally, the LLC 
code uses the folloWing criteria: 
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N (3) 

m2 PX.- - Bot-P2 + llldzeczllz 
c [:1 

s.t. 1%,- = 1, vi 

Where e denotes the element-Wise multiplication, and dieRM 
is the locality adaptor that gives different freedom for each 
basis vector proportional to its similarity to the input descrip 
tor xi. Speci?cally, 

(4) 

Where dist(xl.,B):[dist(xi,bl), . . . ,dist(xl.,bM)]T, and dist(xl.,bj) 
is the Euclidean distance betWeen xi and bj. o is used for 
adjusting the Weight decay speed for the locality adaptor. 
Usually We further normalize dl- to be betWeen (0, l] by sub 
tracting max(dist(xl-,B)) from dist(xl-,B). The constraint 
1T ciII folloWs the shift-invariant requirements of the LLC 
code. Note that the LLC code in Eqn. 3 is not sparse in the 
sense of l0 norm, but is sparse in the sense that the solution 
only has feW signi?cant values. In practice, We simply thresh 
old those small coef?cients to be zero. 

To achieve good classi?cation performance, the coding 
scheme should generate similar codes for similar descriptors. 
Following this requirement, the locality regularization term 
||di e ci||2 in Eq. (3) presents several attractive properties: 

1. Better reconstruction. In VQ, each descriptor is repre 
sented by a single basis in the codebook, as illustrated in FIG. 
1.11. Due to the large quantization errors, the VQ code for 
similar descriptors might be very different. Besides, the VQ 
process ignores the relationships betWeen different bases. 
Hence non-linear kernel projection is required to make up 
such information loss. On the other side, as shoWn in FIG. 1.0 
in LLC, each descriptor is more accurately represented by 
multiple bases, and LLC code captures the correlations 
betWeen similar descriptors by sharing bases. 

2. Local smooth sparsity. Similar to LLC, SC also achieves 
less reconstruction error by using multiple bases. Neverthe 
less, the regularization term of l1 norm in SC is not smooth. As 
shoWn in FIG. 1.1), due to the over-completeness of the code 
book, the SC process might select quite different bases for 
similar patches to favor sparsity, thus losing correlations 
betWeen codes. On the other side, the explicit locality adaptor 
in LLC ensures that similar patches Will have similar codes. 

3. Analytical solution. Solving SC usually requires com 
putationally demanding optimization procedures. For 
instance, the Feature Sign algorithm utilized byYang [22] has 
a computation complexity of O(M><K) in the optimal case 
[16], Where K denotes the number of non-zero elements. 
Unlike SC, the solution of LLC can be derived analytically 
by: 

6551/1 T5,, (6) 

Where Ci:(B—lxl-T)(B—lxl-T)T denotes the data covariance 
matrix. As seen in Section 3, the LLC can be performed very 
fast in practice. 
Next, an approximated LLC for Fast Encoding is discussed. 
The LLC solution only has a feW signi?cant values, or equiva 
lently, solving Eq. (3) actually performs feature selection: it 
selects the local bases for each descriptor to form a local 
coordinate system. This suggests that We can develop an even 
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faster approximation of LLC to speedup the encoding pro 
cess. Instead of solving Eq. (3), K(K<D<M) nearest neigh 
bors ofxl- can be used as the local bases Bi, and a much smaller 
linear system is solved to get the codes: 

st. 1%,- = 1, v i. 

This reduces the computation complexity from O(M2) to 
O(M+K2), Where KIM. The ?nal implementation of such 
approximated LLC process is illustrated in FIG. 1 right. 
Though this approximated encoding appears to be similar to 
Local Linear Embedding, the Whole procedure of LLC itself 
differs from LLE clearly, because LLC incorporates an addi 
tional codebook learning step Where the inference is derived 
from Eq. (3). The codebook learning step Will be further 
explained in Section 4. 
As K is usually very small, solving Eq. (7) is very fast. For 

searching K-nearest neighbors, an ef?cient hierarchical 
K-NN search strategy can be used, Where each descriptor is 
?rst quantized into one of L subspaces, and then in each 
subspace an RMXD codebook Was applied. The effective siZe 
of the codebook becomes L><M. In this Way, a much larger 
codebook can be used to improve the modeling capacity, 
While the computation in LLC remains almost the same as 
that in using a single RMXD codebook. 

Next, codebook optimiZation is discuseed. One Way to 
generate the codebook is to use clustering based method such 
as K-Means. In another embodiment, the LLC coding criteria 
is used to train the codebook, Which further improves the 
performance. Next, an effective on-line learning method for 
this purpose is discussed. 

Revisiting Eq. (3), the process factoriZes each training 
descriptor into the product of an LLC code and a codebook. 
Hence an optimal codebook B* can be obtained by 

Eq. (8) can be solved using Coordinate Descent method to 
iteratively optimiZing C(B) based on existing B(C). HoWever, 
in practice, the number of training descriptors N is usually 
large (2,000,000+ in our experiment), such that holding all the 
LLC codes together in each iteration is too memory consum 
ing. The on-line method reads a small batch of descriptors x at 
a time and incrementally updates the codebook B. 
One embodiment uses a codebook trained by K-Means 

clustering to initialiZe B. Then the system loops through all 
training descriptors to update B incrementally. Each iteration 
takes in a single examples xi (or a small batch of them), and 
solves Eq. (3) to obtain the corresponding LLC codes using 
current B. Then, this is used as a feature selector. The system 
only keeps the set of basis Bl. Whose corresponding Weights 
are larger than a prede?ned constant, and re?ts xi Without the 
locality constraint. The obtained code is then used to update 
the basis in a gradient descent fashion. Finally, those basis 
outside the unit circle are projected onto the unit circle. 
Pseudo code for the incremental codebook optimiZation pro 
cess 1s: 
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The foregoing system presents an ef?cient image represen 
tation method called Locality-constrained Linear Coding 
(LLC). LLC is easy to compute and gives superior image 
classi?cation performance than many existing approaches. 
LLC applies locality constraint to select similar basis of local 
image descriptors from a codebook, and learns a linear com 
bination Weight of these basis to reconstruct each descriptor. 
An approximation method can be used to further speed-up the 
LLC computation, and an optimiZation method can be used to 
incrementally learn the LLC codebook using large-scale 
training descriptors. Experimental results based on several 
Well-knoWn dataset validate the good performance of LLC. 
The present inventors contemplate that additional code 

book training methods, such as supervised training, can be 
used. Additionally, besides exact-nearest-neighbor search 
applied in the paper, approximated-nearest-neighbor search 
algorithms can be used to further improve the computational 
ef?ciency of approximated LLC. Moreover, integration of the 
LLC technique into practical image/video search/retrieval/ 
indexing/management applications can improve the perfor 
mance of those systems. 

The invention may be implemented in hardWare, ?rmWare 
or softWare, or a combination of the three. Preferably the 
invention is implemented in a computer program executed on 
a programmable computer having a processor, a data storage 
system, volatile and non-volatile memory and/or storage ele 
ments, at least one input device and at least one output device. 
By Way of example, a computer to support the 3D CNN is 

discussed next in FIG. 3. The computer preferably includes a 
processor, random access memory (RAM), a program 
memory (preferably a Writable read-only memory (ROM) 
such as a ?ash ROM) and an input/output (l/O) controller 
coupled by a CPU bus. The computer may optionally include 
a hard drive controller Which is coupled to a hard disk and 
CPU bus. Hard disk may be used for storing application 
programs, such as the present invention, and data. Altema 
tively, application programs may be stored in RAM or ROM. 
l/O controller is coupled by means of an I/O bus to an I/O 
interface. I/O interface receives and transmits data in analog 
or digital form over communication links such as a serial link, 
local area netWork, Wireless link, and parallel link. Option 
ally, a display, a keyboard and a pointing device (mouse) may 
also be connected to I/O bus. Alternatively, separate connec 
tions (separate buses) may be used for l/ O interface, display, 
keyboard and pointing device. Programmable processing sys 
tem may be preprogrammed or it may be programmed (and 
reprogrammed) by doWnloading a program from another 
source (e.g., a ?oppy disk, CD-ROM, or another computer). 
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Each computer program is tangibly stored in a machine 
readable storage media or device (e.g., program memory or 
magnetic disk) readable by a general or special purpose pro 
grammable computer, for con?guring and controlling opera 
tion of a computer When the storage media or device is read by 
the computer to perform the procedures described herein. The 
inventive system may also be considered to be embodied in a 
computer-readable storage medium, con?gured With a com 
puter program, Where the storage medium so con?gured 
causes a computer to operate in a speci?c and prede?ned 
manner to perform the functions described herein. 

The invention has been described herein in considerable 
detail in order to comply With the patent Statutes and to 
provide those skilled in the art With the information needed to 
apply the novel principles and to construct and use such 
specialiZed components as are required. HoWever, it is to be 
understood that the invention can be carried out by speci? 
cally different equipment and devices, and that various modi 
?cations, both as to the equipment details and operating pro 
cedures, can be accomplished Without departing from the 
scope of the invention itself. 

What is claimed is: 
1. A method for classifying an input image, comprising: 
detecting one or more feature points on the input image; 
extracting one or more descriptors from each feature point; 
applying a codebook to quantiZe each descriptor and gen 

erate code from each descriptor; 
applying spatial pyramid matching to generate histograms; 

and 
concatenating histograms from all sub-regions to generate 

a ?nal representation of the image for classi?cation. 
2. The method of claim 1, Wherein the ?nal representation 

of the image for classi?cation comprises a feature vector. 
3. The method of claim 1, Wherein the descriptor comprises 

a SIFT descriptor or a color moment descriptor. 
4. The method of claim 1, Wherein each code has only one 

non-Zero element if hard vector quantiZation (V Q) is used. 
5. The method of claim 1, Wherein a small group of ele 

ments can be non-Zero for soft VQ. 
6. The method of claim 1, Wherein multiple codes from 

inside each sub-region are pooled together by averaging and 
normalizing into a histogram. 

7. The method of claim 1, comprising performing a fast 
approximated LLC by ?rst performing a K-nearest-neighbor 
search and then solving a constrained least square ?tting 
problem. 

8. The method of claim 1, Wherein the LLC utiliZes locality 
constraints to project each descriptor into a local-coordinate 
system, and the projected coordinates are integrated by max 
pooling to generate a ?nal representation. 

9. The method of claim 1, comprising reconstructing input 
xi With codebook Bl- Where 

SL2 c]: l. 

10. The method of claim 1, comprising: 
?nding K-Nearest Neighbors of data xi, denoted as Bl. 
reconstructing xl- using B1 
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generating cl. as an M><1 vector With K non-Zero elements 
Whose values are the corresponding c*. 

11. An image classi?er, comprising: 
means for detecting one or more feature points on the input 

image; 
means for extracting one or more descriptors from each 

feature point 
means for applying a codebook to quantiZe each descriptor 

and generate code from each descriptor; 
means for applying spatial pyramid matching to generate 

histograms; and 
means for concatenating histograms from all sub-regions 

to generate a ?nal representation of the image for clas 
si?cation. 

12. The image classi?er of claim 11, Wherein the ?nal 
representation of the image for classi?cation comprises a 
feature vector. 

13. The image classi?er of claim 11, Wherein the descriptor 
comprises a SIFT descriptor or a color moment descriptor. 

14. The image classi?er of claim 11, Wherein each code has 
only one non-Zero element if hard vector quantiZation (VQ) is 
used. 

15. The image classi?er of claim 11, Wherein a small group 
of elements can be non-Zero for soft VQ. 

16. The image classi?er of claim 11, Wherein multiple 
codes from inside each sub-region are pooled together by 
averaging and normaliZing into a histogram. 

17. The image classi?er of claim 11, comprising means for 
performing a fast approximated LLC by ?rst performing a 
K-nearest-neighbor search and then solving a constrained 
least square ?tting problem. 

18. The image classi?er of claim 11, Wherein the LLC 
utiliZes locality constraints to project each descriptor into a 
local-coordinate system, and the projected coordinates are 
integrated by max pooling to generate a ?nal representation. 

19. The image classi?er of claim 11, comprising means for 
reconstructing input xi With codebook Bl- Where 

SL2 c]: l. 

20. The image classi?er of claim 11, comprising: 
means for ?nding K-Nearest Neighbors of data xi, denoted 

as Bl 
means for reconstructing xi using Bl 
Where 

means for generating cl- as an M><1 vector With K non-Zero 
elements Whose values are the corresponding c*. 

* * * * * 


